View the article online for updates and enhancements. Abstract Molecular oxygen is indispensable for cellular viability and function. Hypoxia is a stress condition in which oxygen demand exceeds supply. Low cellular oxygen content induces a number of molecular changes to activate regulatory pathways responsible for increasing the oxygen supply and optimizing cellular metabolism under limited oxygen conditions. Hypoxia plays critical roles in the pathobiology of many diseases, such as cancer, heart failure, myocardial ischemia, stroke, and chronic lung diseases. Although the complicated associations between hypoxia and cardiovascular (and cerebrovascular) diseases (CVD) have been recognized for some time, there are few studies that investigate their biological link from a systems biology perspective. In this study, we integrate hypoxia genes, CVD genes, and the human protein interactome in order to explore the relationship between hypoxia and cardiovascular diseases at a systems level. We show that hypoxia genes are much closer to CVD genes in the human protein interactome than that expected by chance. We also find that hypoxia genes play significant bridging roles in connecting different cardiovascular diseases. We construct a hypoxia-CVD bipartite network and find several interesting hypoxia-CVD modules with significant gene ontology similarity. Finally, we show that hypoxia genes tend to have more CVD interactors in the human interactome than in random networks of matching topology. Based on these observations, we can predict novel genes that may be associated with CVD. This network-based association study gives us a broad view of the relationships between hypoxia and Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.
Introduction
Molecular oxygen is essential for living beings. All multicellular organisms depend on a constant supply of oxygen and maintain oxygen homeostasis for survival. Oxygen is the primary electron acceptor in many cellular reactions and is harnessed by mitochondria to generate ATP via oxidative phosphorylation. An excess or deficiency of oxygen may result in the death of cells, tissues, or organisms. Lower oxygen levels result in hypoxic stress (hypoxia) causing cells to activate regulatory pathways responsible for increasing the oxygen supply and optimizing metabolism under limited oxygen tension. A critical response to hypoxia is mediated through changes in gene expression regulated by the oxygen sensing pathway involving the hypoxia-inducible factors (HIFs) to promote adaptation to low oxygen content [1] . One way in which HIFs protect cells from hypoxic stress is by inducing a shift from oxidative to glycolytic metabolism converting glucose to pyruvate that can be further converted to lactate as a glycolytic end product. In hypoxic cells, the expression of several hundred mRNAs is changed through regulation by HIF, which binds to hypoxia responsive elements in their gene promoter regions [2] . There is also a growing number of HIF-independent pathways that have been found to promote optimal oxygen utilization and hypoxia tolerance [3] .
Hypoxia is commonly associated with the pathobiology of many diseases, e.g., cardiovascular diseases, such as myocardial ischemia, myocardial infarction, and stroke, as well as chronic lung diseases, cancer, and inflammation [1] . These diseases are either caused by or a consequence of hypoxia. Cardiovascular disease, the leading cause of death worldwide, is a class of diseases that affects the cardiovascular system (heart, blood vessels, or both). Oxygen is not only required for normal oxidative metabolism but is also a critical participant in the generation of many small-molecule signaling intermediates, such as nitric oxide (NO) and reactive oxygen species, and in many other cellular redox processes. These oxygen-associated reactions can be either beneficial or contribute to cardiac dysfunction and death [4] . In addition, oxygen is a major determinant of myocardial gene expression. Under hypoxic conditions, gene expression patterns in the heart are significantly altered [4, 5] . Previous studies have also shown that the oxygen sensitive master transcription factors, the HIFs, play a protective role in the pathophysiology of myocardial ischemia and pressure-overload heart failure, and contribute to the pathogenesis of pulmonary arterial hypertension [2, 6] . Therefore, consideration of the relationships between hypoxia and cardiovascular diseases is essential in understanding the pathobiology of these common disorders.
Although the relationship between hypoxia and cardiovascular diseases has been recognized for many years, few studies have investigated this relationship from a systemslevel perspective. The growth of high-throughput data provides new avenues by which to study complex human diseases, including cardiovascular diseases, using systems biology approaches [7] [8] [9] [10] [11] [12] [13] . Dewey and colleagues assembled myocardial transcript data and used gene coexpression network analysis to derive functional modules and regulatory mediators in developing myocardium that were not present in normal adult tissue [14] . Jensen and coworkers integrated protein interaction data and genome-wide association study (GWAS) data in an analysis of coronary artery disease (CAD) patients and found a novel gene module that was overrepresented in CAD-associated genes [15] . Huan and colleagues used a systems biology framework that integrated gene coexpression networks, tissue-specific Bayesian networks, and protein-protein interaction networks to identify key regulatory driver genes for coronary heart disease [16] . In addition, metabolomics data have been used to monitor the level of hundreds to thousands of metabolites in normal or diseased tissues, allowing the identification of metabolic biomarkers of cardiovascular diseases [17] . These examples clearly demonstrate that network modeling facilitates systems-level analysis of cardiovascular diseases. In addition, diseases with similar pathophenotypes tend to share genes or cluster in the human interactome [18] . Given the fact that hypoxia is involved in the pathobiology of cardiovascular diseases, we hypothesize that hypoxia-induced signaling pathways may be intimately linked to the molecular mechanisms of CVDs. In light of the successes of systems biology approaches in studying cardiovascular diseases and other diseases that are closely linked to hypoxic stress, we chose to explore the proximity of the molecular determinants of CVD and hypoxia responses at a biological network level.
In this study, we investigate the relationships between hypoxia genes and CVD by integrating hypoxia genes and CVD genes through the comprehensive human interactome. For hypoxia genes, we focus on those that are differentially expressed in response to hypoxic stress in endothelial cells, smooth muscle cells, and fibroblasts. The CVD genes are taken from public databases in which curated literature information about disease genes is deposited. From this systems-level study, we show that hypoxia genes are much closer to CVD genes in the human protein interactome than that expected by chance. We also find that hypoxia genes play significant bridging roles in connecting different cardiovascular diseases. By mapping genes common to hypoxia and CVD to knowledge-based signaling pathways, we identify several unique signaling pathways common to hypoxia and CVD. We construct a hypoxia-CVD bipartite network and find several interesting hypoxia-CVD modules with significant gene ontology (GO) similarity. Finally, we show that hypoxia genes tend to have more CVD interactors in the human interactome than in random networks of matching topology. Based on these observations, we attempt to predict new genes that may be associated with CVD.
Materials and methods

Collecting hypoxia-responsive genes
We collected hypoxia-responsive genes from two genome-wide gene expression microarray studies. One study is from our own laboratory and comprises a microarray dataset from three cell types exposed to hypoxia (William M Oldham, unpublished data): pulmonary arterial endothelial cells (PAEC), pulmonary arterial smooth muscle cells (PASMC), and lung fibroblasts (LF). We used a bioconductor package in R, Limma [19] , to identify hypoxiaresponsive genes. After applying 0.05 as the Benjamini−Hochberg-adjusted P-value threshold and mapping the probe sets to genes, we obtained 376, 484, and 25 hypoxia-responsive genes in PAEC, LF, and PASMC, respectively. The other microarray dataset is taken from [20] in which primary human PAECs were subjected to 4 different culture conditions: first, exposed to 20% O 2 ; second exposed to 1% O 2; and third and fourth, exposed under non-hypoxic conditions to 50 pfu of adenovirus encoding the constitutively expressed form of HIF-1 (AdCA5) or Escherichia coli beta-galactosidase (AdLacZ), respectively. Those probes for which a significant difference (Student's t-test, P < 0.05, and 1.5-fold change) was observed with similar variation in response to both hypoxia and AdCA5 were viewed as hypoxia-responsive genes [20] . These constraints led to the identification of 245 genes with increased expression and 325 genes with decreased expression in response to hypoxic stress. Combining the data from the two studies gives a total of 1210 hypoxia-responsive genes (supplemental file 1).
Compiling cardiovascular disease genes
The cardiovascular disease genes were compiled from two databases: the Disease Ontology (DO) database (http://disease-ontology.org/) [21] and the Human Genome Epidemiology (HuGE) Navigator [22] . DO has been developed as a standardized ontology for human disease. It not only integrates disease and medical vocabularies through extensive cross-mapping of DO terms to other disease databases, including OMIM, but also provides gene-disease association relationships through FunDO [23] . We selected a few principal (common) cardiovascular diseases (DO terms) with a significant number of associated genes according to FunDO, such as atherosclerosis, pulmonary hypertension, cerebrovascular disorders, myocardial ischemia, stroke, brain ischemia, intermediate coronary syndrome and thrombophlebitis. HuGE Navigator is an integrated, searchable knowledge base of genetic associations and HuGE [22] . Phenopedia (HuGEpedia) in this database provides a disease-centered view of genetic association studies summarized in the online HuGE encyclopedia. We followed the disease classification of DO and selected several diseases identical or close to the DO terms we used, such as atherosclerosis, brain ischemia, cerebrovascular accident, cerebrovascular disorders, coronary artery disease, pulmonary hypertension, myocardial ischemia, hypoxia-ischemia, thrombophlebitis and thrombosis. To obtain reliable disease genes, we only retained those genes with more than one publication from different research labs in support of an association.
Combining the two resources provides a total of 938 CVD genes associated with six diseases (supplemental file 1): atherosclerosis, coronary artery disease (CAD) (including intermediate coronary syndrome), pulmonary hypertension (PH), cerebrovascular disease (CeVD) (including stroke, cerebrovascular disorder, and cerebrovascular accident), myocardial ischemia (MIS) (including brain ischemia and hypoxia-ischemia), and thrombosis (including thrombophlebitis). The distribution of CVD genes over all diseases studied is shown in figure 1 . As shown in figure 1(A) , each disease has some genes specific to this disease, and different cardiovascular diseases have a large number of overlapping genes, which is not surprising as they are often mechanistically linked (such as atherosclerosis and CAD). Figure 1 (B) plots the number of genes against the number of associated diseases, with many genes involved in more than one disease.
Construction of a human protein interactome
Biological processes involve different types of molecular interactions. To build a comprehensive interactome, we pooled human molecular interaction data from different sources, including protein-protein interactions, protein complexes, protein-DNA interactions, kinase-substrate interactions, metabolic interactions, and signaling pathways. Protein-protein interactions from several high-throughput yeast-two-hybrid studies [24] [25] [26] [27] were combined with the CCSB Human Interactome (HI-2012, http://interactome.dfci.harvard.edu/H_sapiens/) and the binary subsets of interactions reported in the IntAct, MINT, HPRD, and BioGrid databases [28] [29] [30] [31] . A protein complex is a group of two or more associated polypeptide chains linked by non-covalent protein-protein interactions. CORUM is a database collection of manually curated human protein complexes derived from a variety of experimental tools [32] . CORUM, literature curated protein interactions (LCI) from the CCSB, and experimentally determined human protein complexes [33] were also included in the set of protein-protein interactions. Protein-DNA regulatory interactions were taken from the TRANSFAC database, which lists experimentally derived regulatory interactions [34] . Kinase-substrate interactions were obtained from the PhosphositePlus database [35] , which provides comprehensive information on post-translational protein modifications, including phosphorylation, ubiquitination, acetylation, and methylation. Metabolic enzyme-coupled interactions (two enzymes sharing adjacent reactions) were derived from the KEGG and BiGG databases [36] [37] [38] . In addition, protein interactions from 3D structural prediction [39] and signaling interactions [40] were also combined in the network.
The consolidated human interactome (July 2013 version) described above has 14 174 proteins with 170 303 interactions, after removing duplicate interactions and self-loops. The edges in the consolidated human interactome represent functional associations among genes at different levels rather than just physical protein-protein binding. Among the hypoxia genes and CVD genes compiled in the analysis described above, 850 hypoxia-responsive genes and 864 CVD genes can be mapped in this interactome.
Null models for assessing emergent properties
We adopted two null models to assess the emergent properties of hypoxia genes and CVD genes in the context of the human interactome. The first null model (Null Model I) builds the null distribution of hypoxia genes and CVD genes at random. To put it another way, Null Model I keeps the human protein interactome network unchanged and randomly selects the same numbers of genes from the network as hypoxia genes and CVD genes. Then the topological properties of random gene sets are compared with those of real hypoxia genes and CVD genes in the original human interactome network. We also used a second null model (Null Model II) when applicable. Null Model II keeps hypoxia and CVD gene sets unchanged, and randomly shuffles the human interactome network while keeping its size and degree distribution. The topological properties of hypoxia and CVD genes are compared in the human interactome versus in random networks of matching topology. We generated 1 000 random gene sets (Null Model I) or 1 000 random networks (Null Model II) to build the null distributions as controls when we assessed the significance of emergent properties of the experimental distributions.
Network analysis and implementation
Most of the network analyses in this study were performed using Python, with the assistance of NetworkX (http://networkx.github.io/)-a Python library software package for the creation, manipulation, and study of the structure, dynamics, and functions of complex networks [41] . It contains many built-in graph and network analysis algorithms, such as shortest path algorithms, connected component algorithms, subgraph induction, random graph generators, etc. We can readily use them for examining the topological relationships between hypoxia genes and CVD genes at a network level.
Closeness is one of the centrality measures of a node in a network, and is defined as the reciprocal of the sum of the shortest path distances from this node to all other nodes [42] . Closeness centrality (CC) measures how far this node is from all other nodes, i.e., how long it takes to spread information from a given node to all other nodes (assuming identical transmission rates). In our case, we are interested in examining how close hypoxia genes are to CVD genes, compared to all proteins, in the human interactome. CC of a hypoxia gene h i to CVD genes is based on the average length of the shortest paths between h i and all CVD genes it can reach in the human interactome:
where d(h i , u) is the shortest-path distance between h i and u, and |CVD i | is the number of CVD genes that h i can reach in the interactome.
Betweenness is another centrality measure of a node in a network. It is defined as the sum of the fraction of all node pairs' shortest paths that pass through this node [43] . Betweenness centrality (BC) quantifies the control of a node on the communication between other nodes. In our case, we aim to evaluate the role of hypoxia genes in the transition of two cardiovascular diseases. BC of a hypoxia gene h i in connecting two cardiovascular diseases (D 1 and D 2 ) is the sum of the fraction of all gene pairs' shortest paths between D 1 and D 2 that pass through h i :
,
where σ(s,t) is the total number of shortest paths from gene s associated with disease D 1 to gene t associated with disease D 2 , and σ(s,t| h i ) is the number of those shortest paths from s to t that pass through hypoxia gene h i . This BC measure scales with the number of gene pairs as implied by the summation indices; alternatively, it can be normalized by dividing by the number of gene pairs:
where is |D 1 , i | is the number of genes associated with disease D 1 that h i can reach in the interactome, and |D 2 , i | is the number of genes associated with disease D 2 that h i can reach in the interactome.
To find modules densely connecting hypoxia genes and CVD genes, we constructed a hypoxia-CVD bipartite network such that the connectivity within hypoxia genes or within CVD genes does not affect module detection. The hypoxia-CVD bipartite network only contains interactions between hypoxia genes and CVD genes. We used the Louvain method to maximize the modularity function defined for bipartite networks and, thereby, identify hypoxia-CVD gene modules [44] [45] [46] :
where m is the total number of edges in the bipartite network; the A ij are the adjacency matrix elements representing the weight of the edge between hypoxia gene h i and CVD gene c j ; k i and d j are the degrees of h i and node c j , respectively; g i and g j are the module indices of h i and c j , respectively; and δ is the delta function and is equal to 1 if g i = g j and equal to 0 otherwise.
The hypergeometric distribution of a random variable X has the following probability mass function:
where N is the population size, K is the number of success states in the population, n is the number of samplings without replacement, and k is the number of successes in the sampled set. The cumulative probability mass function
represents the probability that the random variable X takes a value equal to or larger than k. We use this hypergeometric distribution-based statistical test to assess which signaling pathways are significantly enriched with genes that are common to hypoxia and CVD. In this case, N is the total number of proteins in the human interactome, K is the number of proteins overlapping with a signaling pathway, n is the number of genes common to hypoxia and CVD, and k is the number of genes common to hypoxia and CVD that overlap with the signaling pathway. The Pvalue indicates the probability of a random set of proteins with the same size as the gene set common to hypoxia and CVD having k proteins overlapping with a signaling pathway. We also use this test to determine which hypoxia genes have a significant number of CVD interactors. In this case, N is the total number of proteins in the human interactome, K is the number of CVD genes in the human interactome, n is the total number of interactors that a hypoxia gene has, and k is the number of CVD interactors that the hypoxia gene has. The P-value indicates the probability of a random set of proteins with the same size as the degree of the hypoxia gene containing k CVD genes. For both cases, the P-values are adjusted for multiple comparisons by using P. adjust in R (https://stat.ethz.ch/R-manual/Rdevel/library/stats/html/p.adjust.html) and the Bonferroni procedure to assess the false discovery rate.
Results and discussion
Integrating hypoxia genes, CVD genes, and human interactome
Hypoxia is a critical determinant of the pathobiology of many common cardiovascular diseases.
To assess the functional association between hypoxia and cardiovascular diseases at a systemslevel, we mapped hypoxia genes and CVD genes into the human interactome and constructed a hypoxia-CVD network that incorporates 850 hypoxia genes and 864 CVD genes which overlap with the proteins in the consolidated interactome. This subnetwork has 1290 proteins and 4860 interactions. We grouped the proteins according to their disease assignments, yielding the interaction patterns between different cardiovascular diseases as shown in figure 2(A) . We note that in addition to the large number of overlapping disease genes, these CVDs also have many protein interactions between them, indicating possible transitions from one disease to another. As shown in figure 2(B) , the hypoxia-CVD network has 4860 interactions, which is significantly greater than the number of interactions (1982 ± 176) in a subnetwork of random gene sets (Null Model I, P-value < 1.0 × 10
−16
). The largest connected component (LCC) in the hypoxia-CVD network has 1269 nodes, which is also significantly larger than the size of the LCC (834 ± 35) in a subnetwork of random gene sets (Null Model I, P-value < 1.0 × 10
), as demonstrated in figure 2(C). These observations indicate that hypoxia and CVD-related genes tend to be densely connected in the human interactome.
The results obtained using degree-preserving random networks as the control (Null Model II) are consistent with what we observed using Null Model I (supplemental figure S1(A)-(B) ). The hypoxia-CVD networks consist of three types of interactions: the interactions among hypoxia genes, the interactions among CVD genes, and the interactions between hypoxia genes and CVD genes. To assess the contribution of hypoxia genes and CVD genes to the high connectivity of the hypoxia-CVD network, we also examined the subnetwork induced by hypoxia genes only (hypoxia network) and the subnetwork induced by CVD genes only (CVD network). As shown in figure S1(C), the hypoxia network has 889 interactions, which are significantly more than the interactions (577 ± 77) in a subnetwork induced by a random gene set (Null Model I, P-value = 2.4 × 10
−5
). The size of the LCC in the hypoxia network is significantly larger than that expected by chance ( figure S1(D) ). The CVD network has 2648 interactions, which are significantly more than the interactions (598 ± 76) in a subnetwork induced by a random gene set (Null Model I, P-value < 1.0 × 10
, figure S1(E) ). The size of the LCC in the CVD network is significantly larger than random expectation ( figure S1(F) ). These results confirm that the high connectedness of the hypoxia-CVD network is not due to the combination of hypoxia genes and CVD genes, nor due to the primary contribution by one of the two groups.
Significantly more interactions in the hypoxia-CVD network may be due to the dense connections among disease genes caused by research biases. To reduce the potential bias caused by literature-based associations, we removed the literature-curated protein complexes from the CORUM database and the literature-curated interactions from CCSB, which equates with removing ∼30% of the interactions from the human interactome. The results based on this reduced (but unbiased) human interactome are shown in supplemental figure S2, which are consistent with the results obtained using the whole human interactome, confirming the significance of the density and connectivity in the hypoxia-CVD network. 
Closeness between hypoxia and CVD genes
We next evaluated the topological closeness relationships between hypoxia and CVD genes in the human interactome. Among 850 hypoxia genes and 864 CVD genes, 95 are both hypoxia and CVD genes, i.e., 95 hypoxia-CVD gene pairs have distance 0. Considering the total number of proteins in the human interactome (14 174), the number of hypoxia and CVD genes that overlap is significantly larger than that expected by chance (hypergeometric test, Pvalue < 4.2 × 10
), as shown in figure 3(A) . Hypoxia and CVD are closely related not only by gene overlap analysis, but also at the network level. To test this hypothesis, we calculated how many hypoxia-CVD gene pairs have interactions, i.e., gene pairs with distance 1. There are 2314 interactions between hypoxia genes and CVD genes, which are significantly more than the interactions (1244 ± 115) between two random sets with the same number of genes as hypoxia and CVD gene sets (Null Model I, P-value < 1.0 × 10
), as shown in figure 3(B) . This analysis shows that 1030 hypoxia or CVD genes (64%) are connected by these interactions. Results obtained by using degree-preserving random networks as the control (Null Model II) supports the same conclusions (supplemental figure S3) . Common neighbors have previously been used to predict whether two proteins have an (indirect) functional association. We, therefore, next checked the number of hypoxia-CVD gene pairs that have common neighbors, i.e., gene pairs with distance 2, and provide the results in figure 3(C) . We note that there are significantly more hypoxia-CVD gene pairs with common neighbors than gene pairs from two random sets (Pvalue < 1.0 × 10
−16
). There are 1570 hypoxia/CVD genes (97%) involved in these hypoxia-CVD gene pairs, indicating that almost all hypoxia genes and CVD genes can be connected by only one neighbor. Figure 3(D) collectively shows that the number of hypoxia-CVD gene pairs with distance equal to or less than 3 is significantly larger than that for gene pairs from random sets (P-value < 1.0 × 10
). These observations indicate that hypoxia genes are very closely connected to CVD genes in the human interactome.
We also calculated the average shortest path length between hypoxia genes and CVD genes in the human interactome. As shown in figure 3(E) , the average shortest path length between hypoxia genes and CVD genes is 4.34, significantly smaller than the average shortest path length between two random sets (4.54 ± 0.02, P-value = 7.6 × 10
−24
). CC measures how near a node is to the rest of the network, i.e., how long it takes to spread information from a given node to all other nodes (assuming identical transmission rates). To determine whether or not hypoxia genes are central to CVD genes, we defined a modified CC parameter to measure the CC of hypoxia genes to CVD genes (see materials and methods). Figure 3(F) shows that hypoxia genes have an average CC of 0.303 to CVD genes, significantly higher than a random gene set's CC (0.286 ± 0.002) to CVD genes (P-value < 1.0 × 10
−16
). These observations provide further evidence that hypoxia genes have close topological relationships to CVD genes compared to random expectation, which, in turn, reflects the close functional crosstalk or pathobiological relationships between hypoxia and CVDs.
To demonstrate the robustness of our conclusions, we performed two additional analyses to address the proximity of hypoxia genes and CVD genes at the systems-level. In the first analysis, we reduced the number of hypoxia genes and CVD genes by using tissue-specific gene expression data [47] . Specificially, the top 10% of genes that are highly expressed in cardiac tissues were compared with our lists of hypoxia genes and CVD genes, which leads to 169 hypoxia genes and 158 CVD genes that are cardiac-specific. We then checked whether or not these two small tissue-specific gene sets have significant more interactions than that expected by 
chance. The results are summarized in figures S3(B)-(D)
. We can see that the two small tissuespecific gene sets have stronger overlap (in terms of the P-value), and, moreover, still have significantly more interactions than random expectation. We also constructed the cardiacspecific hypoxia-CVD network as shown in figure S4 . In the second analysis, we separated different types of networks and evaluated whether there are still significantly more interactions between hypoxia genes and CVD genes in these different networks. To avoid the bias resulting from literature-based interactions (LCI), we removed the interactions from this source. The interactions from protein complexes [32, 33, 39] constitute a co-complex interaction network. All other interactions including protein interactions generated by yeast-2-hybrid, signaling interactions, metabolic interactions, and kinase-substrate interactions form a binary interaction network. The two types of network may have different degree distributions, therefore, we use Null model II to generate the control. The results are summarized in figures S3(E) and (F), which show that there are still significantly more interactions between hypoxia genes and CVD genes in the binary interaction network and the co-complex interaction network, indicating that the close relationships of hypoxia genes and CVD genes are not simply a consequence of the bias of literature-curated interactions.
Common pathways of hypoxia and CVDs
The six CVDs we considered here are highly related, and one disease may be the precursor or consequence of another (such as thrombosis and myocardial ischemia). It would, therefore, be interesting to determine if network analysis can be used to show that hypoxia plays a central role in accounting for the transition of two linked diseases. To test this hypothesis, we defined a modified BC measure, which reflects the control of a node on the communication between other nodes (materials and methods). We used this modified BC measure to quantify the 'bridgeness' of a hypoxia gene in connecting two diseases. To remove the potential biases caused by overlapping disease genes, we only consider disease-specific genes. The BC values of hypoxia genes in connecting different disease pairs are summarized in figure 4 . The BC of a node is highly correlated with its degree [48] . Thus, to evaluate the significance of the bridging role of hypoxia genes in connecting two diseases, we generated 1000 random networks each preserving the degree-distribution of the network as the control (Null Model II). From figure 4 we note that hypoxia genes play a significant role in bridging most of the disease pairs. The unnormalized BC measure scales with the number of gene pairs (materials and methods), which may not facilitate a comparison of different disease pairs. The results based on a normalized BC measure are given in supplemental figure S4 , which confirms the results obtained based on the unnormalized BC measure. We also plotted heat maps for the normalized BC values and their associated P-values in supplemental figure S5 , which indicates that hypoxia is more involved in connecting cerebrovascular-related and PH-related disease pairs than other disease pairs. In addition to the bridgeness of hypoxia genes in connecting different CVDs, we observed that there are 95 hypoxia genes that are also CVD genes. We, therefore, next examined which signaling pathways are common to both hypoxic stress signaling and CVDs. To this end, we mapped the hypoxia-CVD overlapping genes to knowledge-based signaling pathways from two public databases and one licensed database. ConsensusPathDB integrates 4576 signaling pathways from different source databases [49] . The Molecular Signatures Database (MSigDB) (www.broadinstitute.org/gsea/msigdb) is a collection of annotated gene sets for gene set enrichment analysis [50] . The version we used is msigdb.v4.0, which contains 10 295 annotated gene sets or signaling pathways. For the signaling pathways in ConsensusPathDB and MSigDB, we used the hypergeometric distribution-based statistical test (materials and methods) to determine which signaling pathways are significantly enriched with genes common to hypoxia and CVD. MetaCore (http://thomsonreuters.com/metacore/) is an integrated commercial software suite from Thomson Reuters for functional and pathway analysis. Through the pathway mapping analysis, we obtained a list of signaling pathways that are significantly enriched with genes common to hypoxia and CVD. These significant pathways are viewed as common pathways of the hypoxic response and CVDs. The results are provided in supplemental file 2. From each database, we find a number of common signaling pathways of hypoxia and CVD. We randomly selected 10 from each database and provided them in table 1, which shows that some of these signaling pathways are biologically plausible, e.g., angiogenesis, regulation of eNOS activity in endothelial cells, and hypoxia-induced EMT in cancer and fibrosis. These significant signaling pathways provide important biological insights into the crosstalk of hypoxic signaling and the pathobiology of CVDs.
Hypoxia-CVD functional modules
Pathway mapping can provide insights into potential crosstalk in signaling pathways involved in both hypoxia and CVDs; however, this analysis is limited to our (reductionist) knowledge of signaling pathways. Importantly in this regard, the current signaling pathway databases are far from complete. There is increasing evidence that, at the both molecular level and physiological level, the function of a biological interaction network is closely related to its topological structure [51, 52] . Therefore, densely connected subgraphs in protein interaction networks have been widely used to predict protein complexes and novel functional modules [53] . These network modules, when dysfunctional owing to biological variants that change the strength of interactions, define disease modules, a general concept that serves as the basis for the new discipline of network medicine [18] . To detect potential functional associations between hypoxia and CVDs, we constructed a bipartite network of hypoxia genes and CVD genes (materials and methods). The bipartite network has 1030 proteins and 2314 interactions. As it does not consider the connectivity within hypoxia genes or within CVD genes, the connectivity of a functional module in the bipartite network represents the association strength of hypoxia-CVD in this module. We used the Louvain method to maximize the modularity function defined for bipartite networks and thereby identify hypoxia-CVD gene modules (see materials and methods). A total of 20 hypoxia-CVD functional modules comprising more than five proteins were detected in the hypoxia-CVD bipartite network. We then restored interactions among hypoxia genes or CVD genes within the identified modules, as shown by three examples in figure 5 . In figure 5 (C), Module 16 illustrates the central linking role of the transforming growth factor-beta signaling pathway (bone morphogenetic receptor protein 2 (BMPR2) and transforming growth factor beta-1 (TGFB1)) and of the tumor necrosis factor signaling pathway (tumor necrosis factor receptor-associated protein 1 (TRAP1)), neither of which had been recognized previously as common mechanistic links from hypoxia to CVDs. A full list of all such functional modules is provided in supplemental file 3 and supplemental figure S6. Proteins in a common protein complex tend to perform similar functions. To validate the functionality of the detected densely connected modules, we assessed whether or not the proteins in these modules are functionally similar. A number of measures have been developed to evaluate numerically the functional similarity of genes or proteins based on their annotations. We used the measure GS2 (GO-based similarity of gene sets) developed in [54] to quantify the functional similarity of two proteins; this measure is based on the GO annotations of genes or gene products. In addition to having accuracy comparable to other semantic methods [55, 56] , this measure is faster and can be used for analysis of large-scale gene sets. The daily snapshot of the GO tree and human gene annotations were downloaded from the GO web site (www. geneontology.org) on 5 December 2013. We evaluated the functional similarity of each module in two ways. First, we calculated the node-based functional similarity, i.e., the functional similarity of all node pairs in a module, and then took the average value. As a control for significance, we randomly selected a gene set with the same number of proteins as the module and calculated its functional similarity for comparison. Second, we calculated the edge-based functional similarity, i.e., the functional similarity of interacting node pairs in a module. As a control for significance, we randomly selected an interaction set with the same number of interactions as the module and calculated its functional similarity for comparison. Figure 6 shows both the node-based similarity and the edge-based similarity of each module and comparative random sets. We note that most of the identified modules have higher functional similarity than random sets, suggesting that these modules are mechanistically rational and represent functional crosstalk between hypoxia and CVD pathways.
Predicting new CVD genes
In the previous sections, we examined the relationships between hypoxia genes and CVD genes at a macroscale level-global topological analyses, pathway mapping, and functional module detection. In this section, we analyze individual hypoxia genes and check the biological link between hypoxia and CVD genes at a microscale level. Specifically, we wish to predict whether or not a hypoxia gene is highly likely to be involved in CVDs. To this end, we first checked whether or not hypoxia genes tend to interact with CVD genes overall. We generated 1000 random networks with the same degree distribution as the human interactome, and calculated the number of CVD interactors with each hypoxia gene in these random networks. Figure 7 shows the average number of CVD interactors with hypoxia genes in the human interactome and random networks, respectively. We can see that hypoxia genes falling in different degree bins all have a significantly higher number of CVD interactors in the human interactome than in random networks. This observation supports the view that hypoxia genes tend to interact with CVD genes. We next evaluated the enrichment of CVD interactors for each hypoxia gene using the hypergeometric test followed by the Bonferroni correction of P-values to control the false discovery rate caused by multiple hypothesis testing (see materials and methods). Table 2 lists the prediction of hypoxia genes associated with CVDs with Bonferroni-corrected P-values. Many of these predictions are mechanistically rational, and a few of them have been found to be associated with cardiovascular risk, such as IDE, VLDLR, HGF, and FLT1 [57] [58] [59] [60] . Our prediction results emphasize the hypoxic stress responsive role of these genes in the pathobiology of cardiovascular diseases. Figure 6 . Average GO functional similarity of each module. The dashed lines represent the GO similarity of random sets, i.e., the average functional similarity of the random sets for each module; (A) node-based GO similarity; (B) edge-based GO similarity. Figure 7 . The average number of CVD interactors of hypoxia genes in the human interactome (blue circles) and in random networks with preserved degree distribution (red diamonds), respectively. K max = 414. 
